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Abstract

Radiology report generation (RRG) is of great signifi-
cance in alleviating the workload of radiologists and im-
proving clinical diagnosis efficiency, which has attracted
widespread attention in the academic community. Due to
the inherent nature of medical data, datasets used for train-
ing the RRG model commonly suffer from imbalance issues.
Most existing studies attribute this imbalance to the vary-
ing number of samples across classes (i.e., traditional class
imbalance). However, our research reveals that the im-
pact of such traditional class imbalance on RRG is limited,
given the complexity of the task. Inspired by curriculum
learning (CL), we propose to quantify data imbalance in
RRG through learning difficulty and introduce a Radiology
Report Generation Curriculum Learning (RRGCL) frame-
work. Additionally, a novel dynamic data scheduling strat-
egy is designed to help models better adapt to this defined
imbalance during training. Notably, our method is model-
agnostic and plug-and-play, making it potentially applica-
ble to a wide range of RRG models. Extensive experiments
demonstrate that our method further enhances the perfor-
mance of several state-of-the-art RRG methods. To the best
of our knowledge, our method is orthogonal to most existing
RRG methods, offering a new perspective for RRG research
and promising to advance the further development of in-
telligent medicine. The code will be made available upon
acceptance.

1. Introduction

In modern medicine, various medical images have become
important tools for clinical decision-making and treatment
planning. A medical radiology report is an objective and
detailed description of significant findings in given medical
imaging data. Writing radiology report is a highly special-
ized task, which must be completed by well-trained radi-
ologists with rich professional knowledge and clinical ex-
perience. Moreover, with the widespread use of medical
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Figure 1. (a) and (b) respectively illustrate the relationship be-
tween the imbalance in RRG data measured by traditional sample
scale and our proposed metric and the quality of reports generated
for each classes. The comparison reveals that our proposed met-
ric demonstrates a better proportional relationship, indicating its
higher efficiency. (c) provides a glimpse of our proposed RRGCL.

imaging, the workload of radiologists has also increased [4].
This is bad news, because the excessive workload tends to
increase the risk of diagnostic errors [23]. In order to al-
leviate radiologists’ work pressure, improve the accuracy
of radiology reports and assist clinical diagnosis, automatic
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radiology report generation (RRG) has received much at-
tention [36, 43, 44, 51].

Traditional class imbalance is a prevalent issue in vari-
ous medical datasets. Due to factors such as disease inci-
dence rates and diagnosis difficulty, the data scale of dif-
ferent classes in medical datasets often vary significantly,
making it challenging for the model to learn the features
of minority classes. However, it is noteworthy that unlike
general classification tasks, RRG is more complex because
its labels are long texts containing extensive information,
and although the classes are fixed, the content of the reports
varies. Consequently, we are prompted to raise two pre-
viously overlooked questions: Q1:What are the impacts of
traditional class imbalance on RRG models? Q2: Is there a
better metric to more effectively measure the imbalance in
RRG data?

To address Q1, we selected four classical and state-of-
the-art (SOTA) RRG methods [7, 12, 16, 47] and conducted
experiments on the currently largest publicly available RRG
dataset, MIMIC-CXR [21, 22]. We divided the test set into
13 classes based on the official tags and evaluated the qual-
ity of the generated reports (BLEU-4 score) for each class.
We arranged the classes in descending order of their sam-
ple scale (gray bars) and observed the relationship with the
quality of the generated reports, as shown in Figure 1(a).
Intuitively, according to the traditional class imbalance as-
sumption, the fewer training samples a class has, the worse
its corresponding generated reports will be. In other words,
the two should be almost proportional. However, as shown
in the figure, this assumption does not hold significantly for
the RRG task.

Based on the above finding, we propose a method
of Radiology Report Generation by Curriculum Learning
(RRGCL) to address Q2. Inspired by curriculum learn-
ing (CL) [3], we conceive a novel learning difficulty met-
ric to reevaluate imbalance in RRG data. This metric com-
prises two components: (1) visual neighborhood seman-
tic gap (VNS-Gap); (2) image-text cross-modal alignment
score (ITAS). We rearrange the classes in descending order
according to the proposed metric and again observe their
relationship with the quality of the generated reports, with
the results shown in Figure 1(b). As evidenced in the fig-
ure, the proposed metric demonstrates a stronger positive
correlation with report generation quality, indicating its su-
perior efficacy in measuring imbalance within RRG data.
Furthermore, we design a novel sample scheduling function
based on the proposed imbalance metric. It dynamically
adjusts the pace of introducing data of different difficulties
into training subset, thereby helping the model gradually
adapt to the inherent imbalance in RRG data. Extensive
experiments demonstrate that RRGCL can effectively help
existing RRG models further improve the quality of gener-
ated reports. Overall, the main contributions of this paper

are summarized as follows:

* We discover that the traditional class imbalance based on
sample quantity has limitations in RRG data, and propose
anovel learning difficulty metric that can more effectively
measure imbalance in RRG data.

* To address the redefined imbalance issue, we propose a
simple yet efficient sample scheduling strategy for RRG
models.

* QOur proposed RRGCL method is a model-agnostic and
plug-and-play training strategy. Extensive experiments
demonstrate that existing RRG methods achieve perfor-
mance improvements after applying RRGCL.

2. Related Work
2.1. Radiology Report Generation

Automatic radiology report generation (RRG) originates
from image captioning task, but it is more complex and
challenging. Due to pressing clinical needs, research in
RRG has been steadily increasing in recent years [44]. Cur-
rent RGG studies can be broadly categorized into three
main classes: CNN-RNN-based method, Transformer-
based method and retrieval-based method.

CNN-RNN-based models [13, 35, 38, 47, 52, 56, 61]
represent the most classic encoder-decoder frameworks for
RRG. In this paradigm, CNN network or its variants (e.g.,
ResNet, DenseNet) are typically employed to extract vi-
sual features, which are then decoded by RNN network
or its variants (e.g., LSTM, GRU) to to generate the re-
port word by word. Such RRG methods are adapted from
early image captioning tasks, laid a crucial foundation
for subsequent research, and continue to be influential to-
day. However, they often exhibit limitations in modeling
long-range dependencies and tend to overlook subtle le-
sions in images. The introduction of Transformer [48] ef-
fectively mitigates this issue. Transformer-based methods
[5,7,8,12,16,24,27,31, 34, 37,49, 53] represent the dom-
inant paradigm in current RRG research. These approaches
typically employ a Transformer as the decoder to generate
long-text reports, while the image encoder is usually a vi-
sual Transformer (ViT) [9] or a hybrid CNN-Transformer
architecture for visual feature extraction. Thanks to the at-
tention mechanism, such methods are often better at mod-
eling long-range dependencies, thereby generating higher-
quality and more human-like reports. Due to similar pat-
terns among radiology reports, some retrieval-based meth-
ods [10, 19, 46, 58, 62] have been introduced. These models
first retrieve similar reports or sentences from a template or
report corpus, and then use this as reference knowledge to
generate the final report. These methods are heavily depen-
dent on large-scale, specialized databases and exhibit lim-
ited generalization capability.

Our proposed RRGCL method falls outside the afore-
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Figure 2. The overall framework of the proposed RRGCL primarily consists of two components: a Learning Difficulty Measurer and a
Class-level Dynamic Sample Scheduler. The measurer evaluates the learning difficulty dif (i) of each sample by calculating VNS-Gap
difi(i) and ITAS di f (7). Based on di f(2), all training samples are sorted from easy to hard within each class. The scheduler dynamically
samples from each class in sequence according to our designed class-level scheduling function A, (¢). Simpler classes are incorporated into
the training subset at a faster rate during the early training stages, while more difficult classes are introduced at a more gradual pace. Class
difficulty scores reflects the underlying imbalance in RRG data from a novel perspective, and the proposed scheduling strategy effectively

addresses this imbalance.

mentioned classes, because it cannot generate reports by it-
self. Instead, it is a model-agnostic training strategy that
can be applied to various existing RRG models to further
enhance their performance.

2.2. Curriculum Learning

The core idea of curriculum learning (CL) [3] is to mimic
the human cognitive process of progressing from easy to
difficult. In the early stages of training, the model primar-
ily encounters the simplest, cleanest, and most representa-
tive samples in the dataset, and then gradually incorporates
more complex data. This strategy provides the model with
a better initial optimization path, leading to more stable and
efficient training [45, 50].

CL has been proven effective in various downstream
tasks. For example, in the field of computer vision (CV),
it has been applied successfully to medical image classifi-
cation [20, 26], face recognition [15], object detection [59],
etc. In the field of natural language processing (NLP), it has
shown effectiveness in machine translation [11], text emo-
tion recognition [25, 57], text generation [6], etc. Addi-
tionally, it has also been applied to some cross-modal tasks
like image caption [55] and video caption [28]. To the best

of our knowledge, CMCL [32] is currently the only CL-
based method for RRG. CMCL defines two training diffi-
culty evaluation metrics for images and text respectively.
During training, it sorts all training data into four batches
based on these metrics and dynamically selects the most
appropriate batch for training according to the model’s cur-
rent learning competence. Our proposed method does not
evaluate images and text in isolation. Instead, it calculates
the learning difficulty of each sample by leveraging inter-
sample divergence and image-text relationship.

3. Method

RRGCL mainly consists of two parts: a learning difficulty
measurer and a dynamic sample scheduler. The learning
difficulty measurer quantitatively evaluates how challeng-
ing it is to learn from a class, thereby revealing the un-
derlying imbalance in the RRG data. The dynamic sam-
ple scheduler determines how to progressively increase the
learning difficulty during training, which we utilize to miti-
gate the imbalance issue. The overall framework of RRGCL
is shown in Figure 2.
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3.1. Definition

Let D = {I;, R;,y;}}_, denote the training dataset includ-
ing N samples, where I,, € 7 represents the i-th radiology
image and R; € R represents the corresponding ¢-th report,
and y; is the label including c classes. The objective of RRG
is to learn a mapping function Gy : Z — R that generates
reports from input images.

3.2. Learning Difficulty Measurer
3.2.1. What Does Difficult RRG Data Look Like?

Before elaborating on our method, it is necessary to con-
sider this question: What kind of RRG data might be diffi-
cult for the model to learn? We answer this question from
two perspectives. (1) Visual differences between medical
images are often subtle, yet the descriptions of these minor
variations in reports can be substantially distinct. For ex-
ample, a slight increase in the density of a region might be
described as new-onset inflammation in the report. There-
fore, if an RRG sample exhibits visual similarity to other
cases but is associated with a significantly divergent report,
it is likely difficult to learn, as such samples create confu-
sion for the model. (2) RRG is fundamentally a cross-modal
transfer task from visual to textual data, where the degree
of inter-modal alignment directly influences performance.
Thus, samples with stronger image-text alignment are gen-
erally easier to learn. Based on these considerations, we
design two specialized metrics to quantify the learning dif-
ficulty of RRG data: Visual Neighborhood Semantic Gap
(VNS-Gap) and Image-Text Alignment Score (ITAS).

3.2.2. Visual Neighborhood Semantic Gap

The visual neighborhood semantic gap (VNS-Gap) quanti-
fies the learning difficulty by measuring the discrepancy be-
tween visual similarity and semantic similarity across sam-
ples. Let ¢ : Z — R? be a pre-trained visual encoder, and
the visual similarity between two images I; and I; is com-
puted as follows:

$(L:) "o (1))
lo(Lo) |2 - 1915l

where Sj; € RN XN represents the visual similarity ma-

Sy, = (1)

trix. Similarly, let ¢» : R — R? be a a pre-trained textual
encoder, and the textual similarity between two reports R;
and R; is computed as follows:

Y(R;) T (R;)
0(R)l2 - [[(R;)|l2

where S!; € RV > represents the textual similarity matrix.
To capture the absolute discrepancy between visual and tex-
tual similarities, a semantic gap matrix G;; € RNV*N g
calculated as follows:

S = 2

Gij = [S}; — S} (3)

Finally, the VNS-Gap of the i-th sample can be easily mea-
sured as follows:
N

dif1(1) = Z G )
=1

3.2.3. Image-Text Alignment Score

Mutual Information (MI) is an efficient statistical measure
for calculating the image-text alignment score (ITAS) be-
tween radiology images and corresponding reports. The MI
between image I and report R is defined as follows:

M(I;R) = Dir(Prr|Pr @ Pr) (5)

where P;p denotes the joint distribution of image-text pairs,
P; @ Pg represents the product of marginal distributions,
and Dy is the Kullback-Leibler (KL) divergence. How-
ever, estimating MI between high-dimensional continuous
variables with limited data is quite challenging [29], so
we employ Mutual Information Neural Estimation (MINE)
[18] to circumvent the issue of the dimensionality disaster.
MINE leverages the Donsker-Varadhan (DV) dual represen-
tation of the KL-divergence, which provides a lower bound
for MI as follows:

M(I; R) > sup [Ee, s [T, R)] —

o (1 [0 )

where T' : Z x R — R is a function in the family F of
bounded measurable functions. We parameterize the func-
tion 7" using a neural network Ty with parameters 6, trans-
forming the estimation into an optimization problem as fol-
lows:

(6)

MO(I; R) = ]EPIR [Te(‘LR)] -

(N
log (EP1®PR [eT"(l’R)D
The optimal parameters are obtained by solving:
0* = arg max Mg([; R) 8)

After training, we obtain an image-text alignment scorer
Ty« , which evaluates i-th sample (I;, R;) as follows:

difa(i) = To- (I3, R;) €))
3.2.4. Overall Learning Difficulty

The overall learning difficulty score for i-th sample is ob-
tained by combining both VNS-Gap and ITAS after nor-
malization:

difi(i) — s dif2(i) — po

dif(i) = «
g1 g9

(10)
where (11, 01) and (ug, 02) are the mean and standard devi-
ation of di f; (z)fil and di fo (i)ivzl, respectively. o, § € Rt
are weighting coefficients, which will be discussed in Sec-
tion 4.6.
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3.3. Class-level Dynamic Sample Scheduler

Most sample scheduler is to sort all training data from easy
to hard based on learning difficulty and then schedule the
data sequentially according to a certain rule. This paradigm
may result in some classes with fewer samples rarely or
never appearing in the newly added training subsets during
the later training stages, which is likely to exacerbate data
imbalance. To end this, we propose a class-level dynamic
sample scheduling strategy, as shown in Algorithm 1.

Algorithm 1 Sample Scheduling Strategy of RRGCL

Input: The training set D, the number of training epochs
T, the training difficulty di f (¢) for each sample.
Output: A RRG model Gy.
1: Divide D into c-class subsets,
{Z)"}nzl’
2: Sort samples in D,, based on the sample difficulty and
calculate class difficulty di fc ™ based on di f@@);
3: Calculate “scheduling exponential” -y, and initial

resulting in D =

scheduling rate A, (0);

4: Calculate scheduling function )\gf ) by Eq.11;
5. DLy = 2

6: fort =0to 1 do

7. forn =1tocdo

8: Extract the top A, (t) proportion of training sam-

ples from each class;

o Dy Doy

10:  end for

11:  Train Go on Dgu)b,

12: end for

3.3.1. Designing Class-level Scheduling Function

We divide the training set D into ¢ subsets according to the
class label y;, and then arrange the samples within each sub-
set in ascending order of learning difficulty di f (i), resulting
inD = {D,};_,. A class-level learning difficulty metric

di fé") is introduced to measure the difficulty of each class
by averaging the difficulties of all samples within that class.
The root function [42] has been proven to be an effective
function for sample scheduling. Our proposed scheduling
strategy assigns each class a root function A, (¢) based on its
class-level difficulty, thereby controlling the sampling rate

from different classes. The specific is as follows:
. t> (11)

where T represents the total number of training epochs, the
variable ¢t € [1,T] represents the current training epoch,
and the value range of A, (¢) is (0,1]. v, € [1,c+ 1] isa
“scheduling exponential” we defined, which is a function of

b = min (1, Ytope + 20

0.8

30.6
= ,
~ ,
0.4 / —_— /\1(0)=0.10,Y1=2
/\2(0)=0.15,Y2=
0.2 — A3(0)=0.25,y3=5
—— 24(0)=0.50, y4=10
0.0

0 20 40 60 80 100
Training Epoch (t)

Figure 3. An example of scheduling function A\, (¢) over training
epochs for different «,, and A, (0), where 7" = 100.

the class-level difficulty di f, ("), as shown below:

(A =1+ (= dif$") e (2

This is a simple yet efficient method that ensures simpler
classes are assigned larger “scheduling exponential”. A, (0)
is the initial scheduling rate for the n-th class can be set
according to -y, as follows:

An(0) = % (13)
=1 /n

3.3.2. Constructing Training Subsets

For each training epoch ¢, the scheduler constructs a training
subset D(Z)b by sequentially selecting the top A, () propor-

S
tion of samples from each class. To intuitively illustrate the
scheduling strategy we designed, a straightforward example
with manually configured parameters is provided, as shown
in Figure 3. It can be observed that simpler classes (v, is
bigger) are scheduled in a more “aggressive” manner, with
a faster scheduling rate in the early training stages, while
difficult classes (v, is smaller) are scheduled more grad-
ually, progressing at a steady rate throughout the training
process. At the T-th epoch, all samples join the training.
By constructing training subsets in this manner, the model
is exposed to simpler samples in the early training stages.
In the later stages, the newly added samples still encompass
data from all classes. Furthermore, due to the characteristics
of the root function, the increase in difficulty throughout the
training process is more gradual, ensuring training stability.

4. Experiment

4.1. Datasets

All experiments are conducted on the MIMIC-CXR dataset
[21, 22], which is currently the largest publicly available
RRG dataset, containing 377,110 chest X-ray images and
227,835 radiology reports from 63,478 patients. MIMIC-
CXR provides 14 uncertainty labels extracted by CheXpert
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Table 1. The performance improvement of SOTA RRG methods by integrating RRGCL on the MIMIC-CXR dataset.

Method NLG Metrics CE Metrics
BL-17 BL-41 MTRT RG-LT Avg. A PT R?T F11 Avg.A

RZGEN[7] (EMNLP’2020) | 0.353 0.103 0.142 0.277 - 0.333 0.273 0.276 -
R?GEN + RRGCL 0.361 0.108 0.152 0.284 +3.429% | 0.341 0.280 0.282 +2.380%
KiUT[16] (CVPR’2023) 0.393 0.113  0.160 0.285 - 0.371 0.318 0.321 -
KiUT + RRGCL 0.402 0.117 0.169 0.293  +3.260% | 0.382 0.327 0.329 +2.772%
RGRG[47] (CVPR’2023) 0.373 0.126  0.168 0.264 - 0495 0475 0.447 -
RGRG + RRGCL 0.388 0.129  0.177 0.278 +4.404% | 0.512 0.489 0.459 +4.035%
COMGI[12] (WACV’2024) | 0363 0.124  0.128 0.290 - 0.424 0.291 0.345 -
COMG + RRGCL 0373 0.126 0.141 0.298 +3.646% | 0.437 0.313 0.356 +4.340%
EKAGen[5] (CVPR’2024) | 0.419 0.119 0.157 0.264 - 0.517 0.483 0.499 -
EKAGen + RRGCL 0427 0.122  0.163 0274 +2.815% | 0.522 0.498 0.513 +2.268%
DACG[24] (MedIA’2025) 0398 0.117 0.162 0.290 - 0.422 0.405 0.389 -
DACG + RRGCL 0.409 0.120 0.166 0.296 +2.482% | 0.436 0.418 0403 +3.372%

Table 2. Ablation studies on the learning difficulty measurer and sample scheduler conducted on the MIMIC-CXR dataset. The best results

are bolded.
Difficulty Measurer NLG Metrics CE Metrics

Method VNS-GaI}pI TTAs | Seheduler T % MTRT RGLT | PT R _ FIT
Baseline (RGRG [47]) - - - 0373 0.126 0.168 0264 | 0495 0475 0.447
@ v - Ours | 0381 0.127 0.173 0272 | 0.508 0482 0.454

(b) - v Ours | 0378 0.127 0171 0269 | 0.504 0480 0.451

© v 7 Baby Step | 0.375 0.126  0.170 _ 0.267 | 0.499 0478 0.450

) v v Linear | 0376 0.126 0.172 0270 | 0.501 0479 0.452

@) v v OnePass | 0375 0.126 0.169 0267 | 0.500 0.478 0.449

() v v Root | 0382 0.128 0.174 0274 | 0.508 0.485 0.455

(2 v v Geom | 0379 0.27 0171 0272 | 0.504 0481 0.452

RGRG + RRGCL v v Ours | 0.388 0.129 0.177 0278 | 0512 0.489 0.459

[17]. We adopt 13 keywords excluding ~’Support Devices”
and treat the keywords labeled as 17 (positive) as the labels
for the corresponding samples. The construction of RRGCL
and the training of the RRG models are independent. Dur-
ing the training phase of the learning difficulty measurer,
all images are resized to 256 x 256, and the “Findings” and
“Impressions” sections in the reports are stitched together.
During the training phase of the RRG model, all data pre-
processing follows the combined RRG methods.

4.2. Evaluation Metrics

Natural language generation (NLG) metrics are commonly
used standards for evaluating the quality of generated re-
ports, including BLEU-n (BL-1, BL-4) [39], METEOR
(MTR) [2] and ROUGE-L (RG-L) [30]. Some studies
[33, 60] point out that NLG metrics may not be well-suited
for evaluating radiology report generation model. There-
fore, to more accurately evaluate the proposed method, we
used several clinical efficacy (CE) metrics, including preci-

sion (P), recall (R) and F1-score (F1).

4.3. Implementation Details

For the VNS-Gap measuring network, we use a ResNet101
[14] fine-tuned on CheXpert [17] to extract visual features.
For the ITAS computation network, following Liao et al.
[29], we employ a pre-trained 5-layer ResNet [14] to ex-
tract visual features. All textual features are extracted using
the pre-trained Clinical BERT [1]. The hyperparameters «
and § in Eq.10 are set to 0.6 and 0.4, respectively. During
the training of the RRG models, the configuration of train-
ing parameters follows the original settings of the combined
RRG methods. All training processes are performed on an
NVIDIA GeForce RTX A6000 GPU.

4.4. Improvements to SOTA RRG Models

To evaluate how RRGCL helps improve the performance
of RRG models, we embed RRGCL into several SOTA
RRG methods including R2GEN[7], KiUT [16], RGRG
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(a) Ground Truth:

The aorta
is calcified along the arch. There is patchy
left basilar opacity involving the lingula and
left lower lobe, probably compatible with
atelectasis. There is no pleural effusion or
pneumothorax.

(b) Ground Truth:

Mild to
edema is new. Right
lower lobe opacities are likely atelectasis.
There is no evident pneumothorax.

moderate pulmonary

RGRG :
The lungs are clear without focal consolidation, pleural effusion or
pneumothorax. Bibasilar atelectasis is unchanged. The mediastinal

and hilar contours are normal. There is no evidence of acute

The cardiomediastinal silhouette is within normal limits.

cardiopulmonary process. There are no acute osseous abnormalities.

RGRG :

There is no pleural effusion or pneumothorax. Bibasilar atelectasis

is unchanged. The mediastinal and hilar contours are normal.
No pulmonary edema. The lungs are clear.

There is no evidence of acute cardiopulmonary process.

RGRG*+RRGCL

There is no pleural effusion or pneumothorax. Lecft lower lobe
No acute osseous
abnormalities. No acute cardiopulmonary process. Aortic arch
calcification. No free air below the right hemidiaphragm.

atelectasis is unchanged.

RGRG*RRGCL:
There is no pneumothorax. Right lower lobe atelectasis is
unchanged. Bibasilar atelectasis is unchanged. There is mild

pulmonary edema There are no acute
osseous abnormalities. No free air below the right hemidiaphragm
is seen.

Figure 4. Two examples of reports generated by RGRG [47] and RGRG + RRGCL. The bounding boxes are provided by the ImaGenome
dataset [54], and they correspond to the descriptions in the reports based on color. Sentences with gray shading represent incorrect

descriptions.

Table 3. Hyperparameter sensitivity experiments on o and 3 based
on RGRG[47]. The best results are bolded.

o B |BL1T BL47 | FIT
02 08| 0382 0.128 | 0.451
04 06| 0385 0.128 | 0.454
06 04| 0388 0.129 | 0.459
08 02| 0386 0.129 | 0.457

[47], COMG [12], EKAGen [5] and DACG [24], and ob-
serve the quality of the generated reports. The experimental
results are shown in Table 1. The results indicate that when
combined with RRGCL, the performance of RRG models
demonstrates significant improvements in both NLG and
CE metrics. This proves that our proposed method can ef-
fectively enhance existing works and has the potential to be
applied to more RRG models.

4.5. Ablation Study

To validate the effectiveness of the proposed learning diffi-
culty measurer and sample scheduler, we conduct ablation
experiments. We select RGRG [47], which has the most sig-
nificant performance improvement in Table | as the base-
line, and the results are shown in Table 2. Among them,
Baby Step [3], Linear [3], One Pass [3], Root [41] and Geo-
metric Progression [40] are scheduling strategies proposed
in previous works. The experimental results of methods (a)
and (b) demonstrate that our proposed VNS-Gap and ITAS
can effectively characterize the learning difficulty of RRG

data, with VNS-Gap being relatively more efficient. Com-
pared to the baseline, methods (c)-(g) all achieve some im-
provements, while the use of our proposed scheduler yield
the best performance. It is worth noting that our proposed
scheduling function further allocates class-level scheduling
functions based on the Root function. Compared to method
(f), our method achieve improved performance because the
proposed scheduling strategy not only ensures a smooth in-
crease in learning difficulty but also maintains a balanced
distribution of various class in each training epoch.

4.6. Hyperparameter Sensitivity Experiment

To determine the optimal settings for the hyperparameters
« and B in Eq.10, we conduct a hyperparameter sensitivity
experiment based on RGRG [47]. The results are shown in
Table 3. It can be observed that the model achieves the best
performance when « and 3 are set to 0.6 and 0.4, respec-
tively.

4.7. Qualitative Analysis

To qualitatively analyze the effectiveness of RRGCL, we
randomly selected two test samples and compared the re-
ports generated by RGRG [47] and RGRG + RRGCL, the
results are shown in Figure 4. In example (a), RGRG
fails to detect “aortic calcification” and incorrectly consid-
ers the heart size to be normal. However, after introducing
RRGCL, the generated report describes both. In the image
of example (b), there is a region of “pulmonary edema”,
and the report generated by RGRG + RRGCL describes it,
while RGRG provides an incorrect description. The qualita-
tive experimental results visually demonstrate the effect of
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RRGCL in enhancing the performance of the RRG model.

5. Conclusion

In this work, we focus on a previously overlooked issue
in radiology report generation (RRG): the impact of data
imbalance in RRG training on model performance. We
discover that traditional class imbalance based on sample
quantity fails to adequately characterize the imbalance in
RRG data. Therefore, from a curriculum learning perspec-
tive, we redefine the imbalance in RRG data by learning
difficulty. Our proposed measurer calculates the sample
learning difficulty from the perspectives of visual neighbor-
hood semantic gap and image-text alignment scores. To ad-
dress the imbalance we proposed, we further introduce a
class-level dynamic sample scheduler. Experimental results
demonstrate that our proposed method can effectively en-
hance the performance of existing RRG models, offering a
new direction for RRG studies. In the future, with the re-
lease of labeled RRG datasets, we will validate our method
on more datasets.
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